Introduction {#sec1-1}
============

Attention deficit hyperactivity disorder (ADHD) is a pervasive psychiatric disorder that affects both children and adults (Schneider et al., 2006; Castellanos and Proal, 2012). The symptoms of ADHD can be grouped into three subtypes: inattentive-, hyperactive/impulsive- and combined-types (American Psychiatric Association, 1994). Males and females are differentially affected by ADHD. Females with ADHD tend to exhibit less hyperactivity and externalizing behaviors and greater levels of depression and anxiety than males with ADHD (Biederman et al., 1994; Gaub and Carlson, 1997).

However, the reason for these sex differences is largely unknown. Many researchers have used neuroimaging techniques to identify the etiology of these differences, including magnetic resonance imaging (MRI), single photon emission computed tomography (SPECT), and positron emission tomography (PET) (Dougherty et al., 1999; Vles et al., 2003; Spencer et al., 2007). Functional MRI (fMRI) measures local brain activity using blood-oxygen-level-dependent (BOLD) contrast, which was used in this study to assess brain activations related to ADHD and other psychiatric diseases such as Parkinson\'s disease (Booth et al., 2005; Cortese et al., 2012; Mallio et al., 2015). These neuroimaging data are typically processed using various software algorithms implemented in pre-processing pipeline packages (Fischl, 2012; Jenkinson et al., 2012). Results of applying these packages identify regions that reflect group-wise differences between disease and control groups. Another type of algorithm, connectivity analysis, focuses on how activities in one region correlate with activities in another region (Anwander et al., 2007; He et al., 2007; Bullmore and Sporns, 2009). Connectivity analysis allows for observation of the whole brain as a complex interconnected network and is thus well-suited for ADHD research (Schneider et al., 2006; Wang et al., 2009). Connectivity analysis typically requires regions of interest (ROIs) which might be specified by co-registering and then transferring structural or functional information from a predefined parcellation of the brain (Tzourio-Mazoyer et al., 2002; Craddock et al., 2012).

Connectivity measures can be used to quantify group-wise differences and as biomarkers for important clinical variables in ADHD research. Many studies have successfully established group-wise differences between children with ADHD and normal controls based on neuroimaging (Konrad et al., 2006; Fair et al., 2010). Less attention has been given to adult ADHD patients despite a large population suffering from this disorder (Faraone and Biederman, 2005). Adult male and female patients with ADHD are differentially affected by the disease (Biederman et al., 1994), but very few studies have attempted to quantify sex differences. Thus, the focus of this study was to quantify differences between adult male and female patients with ADHD based on neuroimaging data.

Materials and Methods {#sec1-2}
=====================

Subjects and imaging data {#sec2-1}
-------------------------

Data used in this study were obtained from the human connectome project (HCP) database (<http://www.humanconnectome.org/>) (Van Essen et al., 2013). Eleven institutions that participated in the database and the institutional review board (IRB) at all participating institutions approved the study and written consent was obtained from all participants. Data were anonymized before being uploaded to the database. We used resting-state fMRI data from the HCP database. The database primarily consists of normal subjects but it does include ADHD subjects as well. The following imaging parameters were used on a Skyra 3T scanner (Siemens Healthcare, Malvern, PA, USA) housed at Washington University in St. Louis: image matrix = 104 × 90; pixel resolution = 2.0 mm isotropic; slice thickness = 2.0 mm; repetition time (TR) = 720 ms; echo time (TE) = 33 ms; number of TRs = 1,200; and field of view (FOV) = 180 mm. Unlike conventional fMRI data, HCP fMRI data contain two distinct phases that encode the directions "left-to-right" and "right-to-left." We concatenated both data sets into a long sequence and considered it as time series data. A total of 82 participants were divided into ADHD (*n* = 41) and normal (*n* = 41) groups. ADHD subjects were classified using diagnostic and statistical manual (DSM) combined, inattention, and hyperactivity scores (American Psychiatric Association, 1994). The ADHD group consisted of male (*n* = 24) and female (*n* = 17) ADHD groups. The sex ratio of the male and female ADHD groups was similar to the naturally occurring sex ratio in the adult ADHD population (Simon et al., 2009). Subjects in the ADHD group suffered from inattentive-type (*n* = 13), hyperactive/impulsive-type (*n* = 4), and combined-type (*n* = 24) ADHD. Subjects in the male ADHD group consisted of 6 inattentive-type, 2 hyperactive/impulsive-type, and 16 combined-type cases. Subjects in the female ADHD group consisted of 7 inattentive-type, 2 hyperactive/impulsive-type, and 8 combined-type cases. There were no significant differences (*P* \> 0.05) between groups in terms of age or sex ratios (**[Table 1](#T1){ref-type="table"}**). The normal group consisted of male (*n* = 17) and female (*n* = 24) normal groups. There were no significant differences in age and DSM scores between male and female subjects within ADHD and normal groups. DSM scores between ADHD and normal groups showed significant differences (*P* \< 0.05), and age and sex ratio did not show significant differences (**[Table 1](#T1){ref-type="table"}**). Head motion might produce false variance to the real time series that is similar to the real time series of a nearby voxel, and thus correlation between two different regions might be increased (Power et al., 2014). The HCP team performed the quality check of the imaging data so that data with excessive head movement were excluded (Van Essen et al., 2013).
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Demographic data of ADHD patients and normal controls
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Image preprocessing {#sec2-2}
-------------------

The HCP database provided preprocessed fMRI data, accounting for many commonly performed spatial preprocessing steps (Jenkinson et al., 2002; Glasser and Van Essen, 2011; Van Essen et al., 2012; Glasser et al., 2013). Using this preprocessed data also removed potential errors and biases derived from the preprocessing procedures. The following preprocessing steps were performed using FreeSurfer (Martinos Center for Biomedical Imaging located at Charlestown, Massachusetts, USA) and FSL software (Oxford Centre for Functional MRI of the Brain, Oxford, UK) (Fischl, 2012; Jenkinson et al., 2012). Distortion due to gradient field non-linearity was corrected using the gradient_nonlin_unwarp software package in FreeSurfer. Head motion was corrected by registering the time series data onto the single band reference image acquired at the beginning of data acquisition with six-degree of freedom (DOF) rigid body transformation using FSL\'s FLIRT. Then, time series images were registered onto T1-weighted structural image, first using DOF FLIRT with a boundary-based registration (BBR) cost function, and then using FreeSurfer\'s BBRegister for fine tuning. The co-registered images were nonlinearly registered onto the standard Montreal Neurological Institute (MNI) space. Intensity normalization of the 4D dataset was applied with a whole brain mean of 10,000. Brain extraction was performed by overlaying the MNI atlas brain mask onto the individual subject\'s space. Then, temporal preprocessing was performed using AFNI software (Medical College of Wisconsin, Wisconsin, USA (Cox, 1996). Nuisance variables including six rigid motion parameters, white matter contribution, and cerebrospinal fluid contribution were regressed out using 3dDeconvolve package (a part of AFNI software), and a band-pass filter ranging between 0.009 and 0.08 Hz was applied to remove the slow drift in the data using 3dFourier package (a part of AFNI software).

Network construction using graph theory {#sec2-3}
---------------------------------------

Connectivity analysis requires identification of specific ROIs in order to investigate the correlations among them. We transferred predefined parcellations results onto the subject\'s image *via* image co-registration (Craddock et al., 2012). This was possible as co-registration process spatially maps the parcellation information onto the intended image and both reside on the same spatial framework. Spatially constrained spectral clustering was applied to the fMRI data from 82 participants and extracted 292 ROIs across the whole brain (Craddock et al., 2012). Given a set of ROIs within the brain, connectivity was assessed using nodes and edges of a graph (He et al., 2007; Stam and Reijneveld, 2007; Bullmore and Sporns, 2009). Nodes were assigned ROIs that were transferred from the predefined parcellation. Each edge value was assumed to represent the correlation between two ROIs, which was entered into the matrix as an element. The matrix was referred to as the correlation matrix. We adopted a simple network model considering undirected and unweighted edges. The correlation matrix was converted into a binary matrix using a fixed density threshold method, which assures that the network graphs being compared have the same number of edges. The raw correlation matrices were z-transformed using Fisher\'s *r*-to-*z* transformation and then a wide range of density thresholds (between 2% and 50%) were applied to the *z*-transformed correlation matrices. Density was the threshold applied to the correlation matrix. Network construction and connectivity analysis were performed using MATLAB (Mathworks Inc., Natick, MA, USA).

Connectivity analysis {#sec2-4}
---------------------

Degree centrality and betweenness centrality are local parameters used to describe the brain network and can be calculated for each brain region in order to quantify the importance of a given node in terms of network organization. Degree is the number of edges connected to a node, which quantifies the information able to pass through that particular node. Betweenness centrality is the number of shortest paths between any two nodes that run through that node, which represents the information flow of a given node (Rubinov and Sporns, 2010). A node with high degree centrality or betweenness centrality values is regarded as a hub node which plays an important role in overall network organization (Zhu et al., 2012; Xia et al., 2014). The degree was computed at the minimum density at which all ROIs are connected (Seo et al., 2013). Brain regions showing significant group-wise differences between males and females were quantified using degree centrality and betweenness centrality for both the ADHD and normal groups. If brain regions were identified both in the ADHD and normal groups, they were excluded from further analysis as they were considered as differences stemming from general sex differences. We only considered brain regions with significant sex differences unique to the ADHD group.

Correlation with DSM score {#sec2-5}
--------------------------

DSM depression and anxiety scores were measured by self-report (American Psychiatric Association, 1994). The correlation of degree values of identified brain regions with DSM depression and anxiety scores in male and female ADHD groups was analyzed to determine if the identified connectivity measures were consistent with known traits of adult male and female ADHD subjects. Degree centrality was used for the correlation with DSM scores. We applied a linear regression model using degree value as the predictor variable and DSM score as the dependent variable. The general form of the linear regression model was as follows: DSM = α + β • degree, where α was a constant and β was the estimated coefficient. The significance of the correlation of DSM score with degree was quantified with *R*-squared value and *P*-value statistics. Brain regions showing significant correlation were identified.

Statistical analysis {#sec2-6}
--------------------

We constructed correlation matrices using 292 ROIs for each participant. The multiple comparison issue occurred when identifying group-wise differences unique to distinguishing between male and female ADHD subjects. It was corrected using permutation tests (Smith et al., 2013b). Permutation tests were performed by randomly assigning male and female subjects within ADHD and normal groups respectively 10,000 times. Differences in degree centrality and betweenness centrality values were deemed significant if it did not belong to the 95% of the null distribution derived from the permutation tests (*P* \< 0.05, corrected). The significance of the linear regression between DSM score and degree was assessed with *R*-squared and *P*-values. All statistical analyses were performed using MATLAB (Mathworks Inc.).

Results {#sec1-3}
=======

Differences in connectivity {#sec2-7}
---------------------------

Brain regions with significant (*P* \< 0.05, corrected) sex differences in degree centrality and betweenness centrality values unique to the ADHD group were identified (**[Table 2](#T2){ref-type="table"}**). Significant brain regions using degree centrality values are shown in **[Figure 1](#F1){ref-type="fig"}**. The primary brain network associated with ADHD is the cingulo-fronto-parietal (CFP) network, which regulates the attention system (Schneider et al., 2006; Bush, 2010; Hoekzema et al., 2014). CFP network consists of dorsolateral-, and ventrolateral-prefrontal cortex, cingulate cortex, and parietal cortex (Bush, 2010). Our analysis identified the medial-, middle-, and inferior-frontal gyrus (Brodmann areas 9, 10, 44, 45, and 46), superior parietal lobule, precuneus, and supramarginal gyrus using degree centrality. We identified medial- and inferior-frontal gyrus, posterior cingulate cortex, supramarginal gyrus, and paracentral lobule using betweenness centrality. Several ADHD studies have reported the temporal cortex and occipital cortex to be regions affected by ADHD since they are partly responsible for attention processing (Schneider et al., 2006; Oldehinkel et al., 2013). We identified middle temporal gyrus, middle occipital gyrus, and cuneus as significant regions using degree centrality. We identified superior- and middle-temporal gyrus, middle occipital gyrus, and lingual gyrus using betweenness centrality. The identified regions were slightly different between degree centrality and betweenness centrality. Some regions were identified in both sets of analyses. Common regions were right inferior frontal gyrus, right supramarginal gyrus, right superior temporal gyrus, left middle temporal gyrus, and bilateral middle occipital gyrus.
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Regions that showed significant differences in degree centrality and betweenness centrality values between male and female ADHD patients (corrected *P* value)
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![Brain regions showing significant differences between male and female ADHD patients.\
The circles indicate regions with significant differences. Yellow circles indicate brain regions that showed significant correlation with DSM score. Blue circles indicate brain regions that did not show significant correlation with DSM scores. The figures were made with BrainNet Viewer. Center locations of circles are coordinates of brain regions. ADHD: Attention deficit hyperactivity disorder; DSM: Diagnostic and Statistical Manual; R: right; L: left.](NRR-11-119-g003){#F1}

Correlation between degree value and DSM score {#sec2-8}
----------------------------------------------

We identified several regions in which the male and female ADHD patients could be distinguished based on degree value. We further investigated whether degree values of those regions were correlated with DSM scores for depression and anxiety in order to determine if the connectivity measures could be extended to explain depression and anxiety. Depression and anxiety were investigated as they are key symptoms that differ between adult male and female ADHD patients (Biederman et al., 1994; Gaub and Carlson, 1997). Correlations between degree values and DSM scores are shown in **[Table 3](#T3){ref-type="table"}**. Brain regions that showed significant correlation with DSM scores are shown in **[Figure 1](#F1){ref-type="fig"}**. The correlation between degree values of the left middle frontal gyrus, left superior parietal gyrus, left middle temporal gyrus, and right middle occipital gyrus and DSM depression score showed a significance only in the female ADHD group but not in the male counterpart (*R*^2^ = 0.5590 and *P* \< 0.001; *R*^2^ = 0.2860 and *P* = 0.0270; *R*^2^ = 0.2600 and *P* = 0.0364; *R*^2^ = 0.3000 and *P* = 0.0229, respectively). Similarly, the correlation between degree values of the left middle temporal gyrus and DSM anxiety score showed a significance only in the female ADHD group (*R*^2^ = 0.2930 and *P* = 0.0249). Analyses of significant correlation results are shown in **[Figure 2](#F2){ref-type="fig"}**.
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Correlations between degree values and DSM scores for the chosen brain regions
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![Correlations between degree values and DSM scores for various brain regions.\
Correlations between degree values and DSM depression scores for (A) the left middle frontal gyrus, (B) the left superior parietal lobule, (C) the left middle temporal gyrus, (D) the right middle occipital gyrus, and (E) degree values and DSM anxiety scores for the left middle temporal gyrus. Pearson correlation was used for the correlation between degree values and DSM score *R*^2^ and *p* indicate R-squared and *P*-value respectively.](NRR-11-119-g005){#F2}

Discussion {#sec1-4}
==========

We obtained resting-state fMRI data from a research database, the human connectome project (HCP) (Van Essen et al., 2013). Connectivity analysis was utilized to investigate differences between male and female ADHD patients. Group-wise differences between males and females were quantified using a connectivity parameter, degree centrality. As a brief summary of the findings, we identified significant group-wise differences in degree centrality values for certain brain regions between male and female patients with ADHD and found significant correlations between degree centrality values of identified regions and DSM depression and anxiety scores.

Eleven regions using degree centrality values and thirteen regions using betweenness centrality values showing significant ADHD sex differences were identified in the present study. These results might be interpreted as different levels of functional connections in the identified regions of male and female ADHD patients. Using degree centrality values, we identified the medial-, middle-, and inferior-frontal gyrus, superior parietal lobule, precuneus, and supramarginal gyrus as a significant region. The frontal and parietal cortices are important regions in ADHD patients as they regulate attention systems (Schneider et al., 2006; Bush, 2010; Hoekzema et al., 2014). We additionally identified superior- and middle-temporal gyrus, middle occipital, and cuneus. These regions are parts of temporal and occipital cortices that are partly responsible for attention processing (Schneider et al., 2006; Oldehinkel et al., 2013). The regions we identified corroborated existing ADHD research (Schneider et al., 2006; Bush, 2010; Hoekzema et al., 2014). We adopted additional connectivity metric, betweenness centrality and re-performed the analysis. The identified regions were slightly different between degree centrality and betweenness centrality. Some regions were identified in both sets of analyses. Common regions were right inferior frontal gyrus, right supramarginal gyrus, right superior temporal gyrus, left middle temporal gyrus, and bilateral middle occipital gyrus. There is no consensus as to what connectivity metric is best for investigating various neurodegenerative diseases. Further research regarding what connectivity metric to use is left for future work.

Our study identified several regions linked with depression and anxiety to be useful for distinguishing between adult male and female ADHD patients. We identified middle frontal gyrus, superior parietal lobule, middle temporal gyrus, and middle occipital gyrus as regions that showed differences between sex and strong correlation with DSM scores only in the female ADHD group. Frontal gyrus and parietal lobule are known to play a critical role in attention processing (Wolpert et al., 1998; Behrmann et al., 2004; Japee et al., 2015). Temporal gyrus function as language and memory processing, and occipital gyrus function as object recognition (Grill-Spector et al., 2001; Onitsuka et al., 2004). These regions are partly associated with personal mood such as depression and anxiety (Engels et al., 2010; Waugh et al., 2012; Foland-Ross et al., 2013; Pannekoek et al., 2015). Female ADHD subjects are known to be more susceptible to depression and anxiety than male ADHD subjects (Biederman et al., 1994; Gaub and Carlson, 1997). Thus, the regions that showed differences between sex and strong correlation with DSM scores could be the regions that are specific to female ADHD subjects. The identified regions and the associated connectivity measures might be used as image biomarkers for further research exploring ADHD sex differences.

Males and females are differentially affected by ADHD. Male ADHD patients often show externalizing behaviors such as hyperactivity or impulsivity, while female ADHD patients often show internalizing behaviors such as depression or anxiety (Berry et al., 1985; Biederman et al., 2002). Such symptoms are related to brain dysfunction, and we adopted fMRI that could assess brain functions non-invasively. Using fMRI to distinguish between male and female ADHD patients could provide complementary information besides conventional ADHD assessment based on DSM.

ADHD is grouped into three subtypes; inattentive-, hyperactive/impulsive-, and combined-type based on the DSM criteria. Inattentive-type ADHD patients predominantly show inattention behaviors, hyperactive/impulsive-type ADHD patients show hyperactive and impulsive behaviors, and combined-type ADHD patients show both inattention and hyperactive/impulsive behaviors. Each subtype shows different behavior patterns (Barnard et al., 2010). Inattentive-type ADHD patients are easily distracted and have a difficult time focusing on a given task. Hyperactive/impulsive-type ADHD patients usually intrude on others. Combined-type ADHD patients show all symptoms of inattentive- and hyperactive/impulsive-type ADHD patients. We did not consider ADHD subtypes in this study as the main focus was to characterize the differences between male and female ADHD patients. Characterizing differences among ADHD subtypes with connectivity analysis is an important research topic we want to pursue in future studies.

ADHD is typically diagnosed based on psychological questionnaires and physician\'s assessments. Our study characterized ADHD sex differences using quantitative measures (i.e., brain connectivity). Brain connectivity is an important factor in neural regeneration and this study adopted brain connectivity to quantify ADHD sex differences.

Our study has several limitations. First, we applied a band-pass filter ranging from 0.009 to 0.08 Hz to the time-series data. Some researchers argue that meaningful time-series signal exists at frequencies over 0.2 Hz (Smith et al., 2013a). These frequency components increase the noise allowed into the preprocessing steps and thus negatively affect the group-wise comparison results. We intend to explore alternative approaches to include these frequency components in future studies. Second, our study did not employ multi-modal approaches. Brain networks can be assessed not only using fMRI, but also other imaging modalities including diffusion tensor imaging (Makris et al., 2008). Multi-modal analysis of the brain network allows incorporation of complementary information derived from different modalities in order to better quantify differences between male and female ADHD patients. Third, we did not consider onset age and duration of disease. Factors such as onset age and duration of disease affect brain connectivity and thus it is desirable to include them in the analyses. Unfortunately, we obtained fMRI data from HCP database, which lacked such information. Finally, using fMRI to assess brain activity and connectivity has merits such as being non-invasive, but fMRI suffers from limitations including issue of temporal resolution.
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